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1. Motivation
 Twofold Demand of Concept Erasure Practical Needs of Concept Erasure

Infringement of 
art styles

Parodying IP 
characters

Unsafe content 
generation

Mocking political 
celebrities

Precisely erase visual content aligned with target 
concepts during generation  

Minimal impact on non-target content generation.
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erasure

after

erasure



1. Motivation
 Drawbacks of Current Erasure Method

 Re-training 
& Blocking

Training-
based

 Training-free

• Re-training & Blocking: exclude certain training data and retrain the 
model or block the prompts of concerns and restrict the outputs of 
concerns     
 time cost, requires specialized detectors, introduce biases
 fragile and easy to bypass

• Training-based: finetune a pre-trained generative model, teaching it 
to “forget” a target concept     
 hard to achieve real-time erasure 
 fall short in balancing precise erasure and prior preservation.

• Training-free: Intervene in the generation process without requiring 
additional training    
 lacks fine-grained control over target concepts and compromises 

prior preservation
 fail to achieve system-wide erasing tasks requiring full automation



2. Preliminary
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 Stable Diffusion: VAE + UNet

Sequential denoising of a randomly sampled noisy latent variable is guided by a text prompt using a 
UNet in the latent space, which can be denoted as ��(��, �, �).
 Cross Attention Within UNet: align the image with text prompt

• Keys act as the "Where" pathway, shaping layout of attention 
map and image structure.

• Values form the "What" pathway, controlling the content and 
appearance of the generated image.



3. Method
 Overview of Adaptive Value Decomposer (AdaVD) 

• Step 3: . The 
new value is subsequently multiplied by the attention map, producing the erased output for this CA layer.

Precise, fast and low cost

• Step 1:  of each concept to ensure precise 
elimination of token-specific target semantics.

• Step 2:  
to disentangle target semantics from the original image at each timestep. 



3. Method
 Target Embedding Pre-processing 

The embedding of the last subject token within its prompt content, which contains 
tokens excluding [SOT] and [EOT], is duplicated for all the token positions except 
for [SOT].

 Orthogonal Value Decomposition 

Our proposed erasing operation works by 

, and it is implemented in the  learned at each 
CA layer of the UNet. It supports both  and 
erasure.



• �: quantify and filter the relatively weak relevance 
• �: control the factor scale
• �: control the increasing rate 

3. Method
 Orthogonal Value Decomposition  Adaptive Erasing Shift 
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Project the original value vector �� onto the ortho-
gonal complement of the span of the erased value 
vector ��

�
 or {��

ℎ,�}ℎ=1
�    for each token position.
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For single-concept, it is straight-
forward to introduce the shift factor.

For multi-concept,  the orthonormal 
basis does’t carry meaningful info.



4. Experiments

 Metrics

 Evaluation
• Main Experiments: AdaVD is applied to SD v1.4 to erase various concepts ( , , 

, ). Prompts are formatted with specific templates, generating 10 images per 
prompt under identical settings for  comparison.

• Hyperparameter Analysis: The effects of hyperparameters  �, �, � on erasure efficacy and prior preservation 
are analyzed using qualitative evaluations.

• Transferability: AdaVD is applied to SDXL v1.0 and other community versions to demonstrate its 
generalization.

• Further Analysis: Additional insights cover time efficiency, visualization of erased components, and 
downstream application potential.

• CLIP Score: Measures  by calculating the similarity between the prompt containing the 
 and the generated images through CLIP encoder.

• FID: Evaluates  by quantifying the distributional distance between non-target concept 
images before and after erasure.

 
 

 target concepts              low CS 
 non-target concepts        low FIDPrecise concept erasure



4. Experiments
 Erasure Performance on SD v1.4 Specific Instance

We evaluate AdaVD on both single- and multi-instance concept erasure 
tasks.
• AdaVD consistently achieves the  across all cases, 

with  of the second-best method when 
erasing .

• Moreover, AdaVD demonstrates superior performance in complex 
.



4. Experiments
 Erasure Performance on SD v1.4 Multi Specific Instance

• SLD gradually loses its precision when erasing 
the target concepts. 
 SLD concatenates the target concepts 

making it hard to focus on each individual 
concept.

 Additionally, some concepts may be trun-
cated due to the token length limitation of 
the text encoder’s tokenizer.

• AdaVD achieves consistently high performance 
in multi-concept erasure.
 It constructs a value subspace based on the 

orthogonal complement of all the target 
concepts, which ensures that no information 
regarding any individual concept is lost.



4. Experiments
 Erasure Performance on SD v1.4 Art Style

We evaluate AdaVD on single-art style erasure task.
• Our AdaVD exhibits superior prior preservation, and achieves the 

.
• Both MACE and SPM are effective in erasing the target concept, 

however, their , which is 
particularly noticeable in the generated images .



4. Experiments
 Erasure Performance on SD v1.4

We evaluate AdaVD on single-celebrity erasure task.
• AdaVD achieves the , parti-

cularly .
• For , all the four competing methods have caused 

some quite strong deviations, altering the original images. This is 
particularly noticeable in the generated images from the prompt corre-
sponding to .

Celebrity



4. Experiments
 Erasure Performance on SD v1.4 NSFW Concept

We experiment with erasing the “nudity”  concept using the I2P benchmark, and detecting nude items by 
NudeNet. AdaVD outperforms both training-based and training-free methods, 

 and the highest success rate in most categories.



4. Experiments
 Hyper-parameter Analysis

 Impact of �: A lower threshold  � enhances erasure 
efficacy.

 Impact of �: A larger factor scale � amplifies erasure 
efficacy, but excessive erasure occurs when � = 2 and � =
0.6

 Impact of �: � has a milder influence on erasure efficacy.

 Impact of ε: A lower ε harms non-target concept generation.
 Impact of s: A larger s  increases deviations in non-target 

concept generation due to amplified token shifts.
 Impact of p: A lower p reduces deviations in non-target 

concept generation at higher s. Conversely, at s=1, a higher 
p enhances the preservation of related non-target concepts.

Prior PreservationErasure Efficacy

• �: quantify and filter 
• �: control the factor scale
• �: control the increasing rate 



4. Experiments
 Transferability to Other T2I Models

 Time Consumption
On Community Versions On SDXL v1.0

• The two training-free methods of SLD and AdaVD are 
significantly faster as no fine-tuning is needed. 

• Our AdaVD costs slightly more time than SLD, i.e., a total of 8 
extra seconds due to its basis computation. But this mild 
increase yields a significant performance gain, succeeding in 
precise concept erasure.



4. Experiments
 Interpreting Erased Components by Visualization

 Downstream Applications:

• The erased components consistently 
 when dealing with the

.
• The erased components 

 for , indicating that they 
carry no meaningful semantics.

• Implicit Concept Erasure: Effectively 
handles implicit concept erasure, as 
evidenced by the removal of "rainy" and 
"foggy" without explicit mentions.

• Image Editing: Precisely erases 
appearance concepts such as "glasses" and 
"mustache" with minimal impact on other 
details.

• Attribute Suppression: Eliminates strongly 
coupled attributes, e.g., the color "red" from 
objects like apples and roses.
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